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Second-generation sequencingy Illumina sequencing are ideally suited to transcriptome characterization. We
generated 3,052,501 27-mer reads from F1 mouse embryonic stem (ES) cell cDNA. Using the ELAND
alignment tool, 74.5% of reads matched sequenced mouse resources, b1% were contaminants, and 3.7% failed
quality control. Of the reads, 21.6% did not match mouse sequences using ELAND, but most of them were
successfully aligned with mouse mRNAs using MegaBLAST. We conclude that most of the reads in the dataset
are derived frommouse transcripts. A total of 14,434 mouse RefSeq genes were represented by at least 1 read.
A Pearson correlation coefﬁcient of 0.7 between Illumina sequencing and Illumina array expression data
suggested similar results for both technologies. A weak 3′ bias of reads was found. Reads from genes with low
expression had lower GC content than the corresponding RefSeq genes, indicating a GC bias. Biases were
conﬁrmed with further Illumina read datasets generated with cDNA from mouse brain and from mutagen-
treated F1 ES cells. We calculated relative expression values, because transcript length and read number were
correlated. In the absence of signal saturation or background noise, we believe that short-read sequencing
technologies will have a major impact on gene expression studies in the near future.
© 2008 Elsevier Inc. All rights reserved.Gene expression patterns vary during development, between cells
and tissues, and in health and disease. Measuring gene expression has
therefore received much attention in the past.
Two contrasting strategies exist to assess transcriptome activity
globally: ﬁrst, based on hybridization and second, based on DNA
sequencing. Historically, cDNA arrays were the ﬁrst tools to measure
gene expression comprehensively, using a complex mixture of cDNA
prepared fromwhole organs as hybridization probes [1]. cDNA-clone-
based transcriptomics beneﬁted from the large-scale generation of
expressed sequence tags (ESTs), as in the context of the IMAGE project
[2], facilitating the generation of UniGene clone sets for array
production. Such clone sets were used successfully to identify genes
with restricted patterns of expression, for instance, within the
developing mouse embryo, in extraembryonic tissue, and in embryo-
nic stem (ES) cells [3–5]. Oligonucleotide-based expression proﬁling
platforms operate either through spotting of oligonucleotides onto a
glass surface or by probe synthesis in situ. The latter strategy has been
particularly successful and has led to a number of companies, e.g.,
Affymetrix, Nimblegen, Febit, and Agilent, that produce and distribute
oligonucleotide arrays [6–9]. A related approach was developed by
Illumina with 70-mer probes attached to coded microbeads immobi-
lized on a slide [10]. The technologies mentioned above will provide
only a relativemeasure of gene expression. Standardization is a critical
issue and comparing experiments between different laboratories is
problematic, especially between platforms, but also within the sameimmelbauer).
l rights reserved.platform [11]. Many technology-inherent parameters inﬂuence signal
strength, e.g., which part of a gene is represented by the cDNA clone
on the array or by the hybridization properties of a particular
oligonucleotide sequence.
Sequencing provides quantitative estimates for the transcription of
genes. The number of reads that map to a transcript can be used to
quantify the expression of genes within a given sample. EST
sequencing per se can be considered an expression proﬁling
technology that allows conclusions about the expression status of
genes across different tissues and cell types. However, the information
content of an EST read is low, as it is derived from a single transcript.
Large numbers of reads are therefore required for obtaining a global
and representative view of the transcriptional activity within a tissue
of interest. In the serial analysis of gene expression (SAGE) technology
[12], the information content of reads is increased 50–fold. This is
achieved by concatenation of transcript-derived 15-mer sequence
tags, so that datasets encompassing 1–2 × 105 SAGE tags can be
generated with a few thousand Sanger sequencing reactions. A
conceptually different approach, massively parallel signature sequen-
cing (MPSS), utilizes successive rounds of ligation assays to determine
sequence tags with a length of up to 20 bases [13]. The assays are
carried out in a microbead format and interrogation of many beads in
parallel leads to datasets of N106 tags. All these approaches, despite
their success, have limitations, e.g., the costs involved for high-
throughput EST sequencing and the potential bias of SAGE and MPSS
toward GC-rich tags [14,15].
Identifying all transcribed regions of the genome, encompassing
also weakly expressed genes, requires excessively large datasets. The
Fig. 2. Pie chart summary of Illumina readmapping statistics. Sectors indicate successful
matches of 27-mer reads to the speciﬁed reference database. NR, NCBI nonredundant
nucleotide collection; QC, reads failed ELAND's quality criteria; NM, nonmatching reads.
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transcriptome analysis [16]. Several second-generation sequencing
technologies are available or are in development, e.g., Polony
sequencing [16,17], SOLiD (Applied Biosystems SOLiD System:
http://solid.appliedbiosystems.com), 454 pyrosequencing [18], and
Illumina's Solexa technology [19]. Illumina sequencing involves the
ampliﬁcation of single molecules attached to the surface of a ﬂow
chamber, followed by sequencing with ﬂuorophore-labeled reversi-
ble chain terminators. One base is determined per cycle and thus the
number of cycles is equal to the read length, currently up to 36 bases.
In the Illumina 1G ﬂow chamber eight different samples can be
sequenced in parallel, each resulting in ∼7 million clusters per
sample.
We here describe the characterization of a transcriptome dataset
from mouse ES cells generated by Illumina sequencing. We map the
reads against sequence databases, measure relative gene expression
and assign functions using Gene Ontology criteria [20], assess
potential biases of the dataset with respect to GC content, and read
localization on the transcripts. Finally, we compare Illumina sequen-
cing and gene expression analysis on microarrays.
Results
Mapping of 27-mer Illumina ES cell reads to sequence databases
Illumina sequencing of wild-type mouse F1 ES cell (F1WT) cDNA
resulted in 3,052,501 27-mer sequences corresponding to 82.42 Mb
raw sequence data. To reveal the origin of these short reads, we
performed several ELAND and MegaBLAST analyses. We started with
an ELAND run against the mouse RefSeq database [21], followed by
alignments against an exon junction database (db42), against the
mouse EST database, and against the sequence of the mouse genome
(Fig. 1). After each run, nonmatched sequences were extracted and
passed over into the next alignment analysis. Sequences that had no
match reported with any of the sequence collections above were
ﬁnally matched with MegaBLAST against the NCBI “nr” nonredun-
dant nucleotide sequence collection (National Center for Biotechnol-
ogy Information: http://www.ncbi.nlm.nih.gov/). Because ELANDFig.1. Flow chart for themapping of Illumina reads frommouse F1 (C57BL/6×129/Sv) ES
cell cDNA against various reference databases. The gray boxes provide information
about the algorithms used (ELAND or MegaBLAST), the database, and details about
absolute and relative mapping statistics. After each analysis nonmatching reads were
handed over to the next analysis. U, unique matches; R, reads with N1 match; QC, reads
failed ELAND's quality criteria; NM, nonmatching reads.allows only two mismatches in each read at most, giving all
mismatches the same weight, we tried to adapt MegaBLAST options
by limiting word size and E value (–W20, –E 4.0 × 10−4) to keep
results comparable.
A summary of all sequence alignments is given in Fig. 2, while
corresponding total numbers can be found in Fig. 1. Initially, we were
able to align 58.54% of all reads to the mouse RefSeq database. Of
these, 43.70% had one hit (U, unique matches) and 14.84% had
multiple hits (R, several matches) in mouse RefSeq. The reads with
unique matches corresponded to 14,434 RefSeq genes (total number
of RefSeq genes: 20,804). Of the RefSeq genes considered as
expressed, 90.2% were represented by two or more sequence tags.
However, some reads may have been genuinely derived from RefSeq
genes, but may have been missed, because they originated from
hitherto unknown splice isoforms. Alternative splicing occurs fre-
quently and is regarded to have a great impact on diversifying the
proteome. For instance, 35–65% of all human genes are differentially
spliced [22,23]. To identify alternatively spliced transcripts in the
Illumina dataset, we generated a collection of 42-mer exon junctions
missing one, two, or three centered exons (skip 1, skip 2, skip 3), based
on 25,054 ENSEMBL reference transcripts (Ensembl Genome Browser:
http://www.ensembl.org). We extracted 295,164 exon sequences
from ENSEMBL via BioMart, resulting in 223,780 skip 1, 198,092
skip 2, and 175,244 skip 3 sequences, cumulatively referred to as
db42. We used the nonmatching (NM) fraction from the ELAND run
against mouse RefSeq as input for alignment with db42. The results
raised the fraction of mapped sequences by 533 reads (0.02%). A much
larger portion of unclassiﬁed reads (11.74%) matched the mouse EST
collection (dbEST). Here, the large number of reads with multiple
matches (70,765 U vs 287,594 R) reﬂects the high redundancy of
dbEST. The remaining NM reads were aligned with ELAND to the
mouse genome assemblies, increasing the number of mouse-speciﬁc
reads by 129,115 (4.23%).
Finally, 665,816 F1WT Illumina sequence tags that did not ﬁnd a
match in any of the databases described above with ELANDwere used
as input for a MegaBLAST search against a mouse mRNA database. At
two different levels of stringency, 215,070 (7%) and 23,628 (0.8%) of
the entire read dataset (3,052,501 reads) did not match mouse
sequences. A MegaBLAST run against the nr database revealed 6476
reads (minimal match length 25 bp) that matched sequences other
than mouse (Supplementary Table S1). We conclude that most of the
reads in the dataset are derived from mouse transcripts.
In summary, 2,275,180 F1WT reads (74.5%) had at least one
signiﬁcant match with mouse database sequences with ELAND, and a
further 642,188 reads (21%) matched mouse mRNAs using Mega-
BLAST. Only 6476 (0.2%) reads matched other organisms under the
given limitations, and 111,651 (3.7%) tags failed ELAND's quality
criteria.
Fig. 3. Distribution of Illumina reads relative to size class of transcripts. Analyses were performed with RefSeq sequences and coding sequences (CDS). The chart illustrates the
difference between the number of reference sequences analyzed per group and those revealing at least one matching read. An increase in the average sequence length goes along
with an increase in the proportion of expressed transcripts.
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To estimate the contamination of the F1WT cDNA sample with
mouse genomic DNA, we analyzed the distribution of sequence tags
over two large regions that do not contain any protein-coding genes,
referred to as gene deserts. Nobrega et al. [24] had shown that
deletions of gene deserts on mouse chromosome (MMU) 3 (1511 kbFig. 4. Relative positioning of Illumina sequencing reads within transcripts (3′ bias). A 3′ b
transcripts. The standard deviation is indicated. CDS, coding sequences (no untranslated regdeletion segment) and MMU19 (845 kb deletion segment) resulted in
phenotypically normal mice. We used the ELAND algorithm to align
the F1WT tags to the mouse genome and counted unique matches
within the gene deserts. Forty Illumina sequences matched the
MMU3 gene desert, while 19 tags could be aligned to the MMU19
region. On the basis of these results, we expect 58,392 tags in the
entire dataset to be derived from mouse genomic DNA, translatingias value N0.5 indicates increasing tendency of reads to be derived from the 3′ end of
ions).
Table 1
Average GC content of RefSeq sequences and matching reads depending on expression
No. of
RefSeqs
No. of
reads
GC content of
RefSeqs (%)
GC content of
reads (%)
All reads 3,052,501 50.30
All unique RefSeq matches 14,434 1,333,960 50.36 49.63
N1000 matches/RefSeq 146 487,730 50.41 52.26
1000–101 matches/RefSeq 2,356 548,963 50.21 48.66
100–11 matches/RefSeq 6,685 277,076 50.44 47.41
10–1 matches/RefSeq 5,247 20,191 50.34 43.21
Table 2
Absolute and relative number of Illumina reads for pluripotency and differentiation
marker genes
MGI symbol RefSeq ID Transcription speciﬁc for No. of reads Reads/kb
Pou5f1 (Oct4) NM_013633 Pluripotent stem cell 1686 1252.60
Nanog NM_028016 Pluripotent stem cell 93 68.58
Sox2 NM_011443 Pluripotent stem cell 593 241.35
Sox1 NM_009233 Ectoderm 2 1.65
Sox17 NM_011441 Endoderm 7 2.24
T (Brachyury) NM_009309 Mesoderm 14 6.84
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used for cDNA preparation had been generated from F1 embryos
from a C57BL/6×129/Sv cross. Thus, our analysis may have missed
reads from the 129/Sv genotype that differ from the C57BL/6 mouse
genome reference sequence by N2 mismatches within a read. A UCSC
Genome Browser (http://genome.ucsc.edu/) visualization of reads
aligning within the gene deserts can be found in Supplementary
Material S2.
Relative gene expression, 3′ bias, and GC content
Apart from its expression status the chance of ﬁnding a read
matching a transcript and, therefore, declaring a gene to be
transcribed should increase with the length of the mRNA sequence.
We tested this for both RefSeq sequences that encompass both 5′ and
3′ untranslated regions (UTRs) ﬂanking the open reading frame, as
well as for coding sequences (CDS) with removed UTRs. To assess the
general validity of the results, we compared the F1WT Illumina
dataset with Illumina data generated on cDNA samples from an
ethylnitrosourea (ENU)-treated F1 ES cell clone (F1ENU) and wild-
type C57BL/6J (B6) mouse brain. In total, 3,268,410 Illumina reads
were obtained from F1ENU (1,963,264 ELANDmatches in RefSeq), and
2,839,833 B6 Illumina reads were generated from mouse brain
(1,422,704 ELAND matches in RefSeq). As shown in Fig. 3, an increase
in average sequence length indeed correlated with an increase in the
percentage of transcripts having at least one unique read (e.g., F1WT:
RefSeq ≤1000 bp, 37.54%, 1247 of 3322 transcripts; RefSeq N4000 bp,
77.43%, 3091 of 3992 transcripts), suggesting that it is required to
compare relative expression values (reads/sequence length) rather
than absolute read numbers.
The cDNA that was sequenced in this study underwent two rounds
of poly(A)+selection. We extracted poly(A)+RNA from total RNA with
oligo(dT)-associated beads and afterwards used an oligo(dT)18 primer
for the initiation of ﬁrst-strand cDNA synthesis. Therefore there might
be an unbalanced allocation of reads along a transcript, with bias
toward the 3′end of transcripts (3′ bias).We took all the Illumina reads
from each sample (F1WT, F1ENU clone, B6 brain) ELAND had reported
as uniquely matched in RefSeq entries and CDS, and recorded their
relative position on the sequences (Fig. 4). According to this scheme, a
value of 0 corresponds to absolute 5′ bias. A bias value of 1 would be
observed if all tags matching a transcript were derived from its 3′ end.
For instance, the cumulative 3′ bias values for the total set of RefSeq
and CDS sequences were 0.69 and 0.62 in the F1WT sample,
respectively. The trend toward 3′ bias of Illumina reads increased
with transcript or CDS length in all three samples tested (Fig. 4).
Since a GC bias had been reported for SAGE and MPSS studies
[14,15] we analyzed the GC content of the Illumina reads. Results of
prior analyses showed us that reads matching several ribosomal
protein sequences are overrepresented within the dataset. We
therefore divided the dataset into four groups of genes, depending
on the read count per RefSeq ID, i.e., 1–10, 11–100, 101–1000, and
N1000 matches per RefSeq gene. In addition, we calculated the GC
content for all reads, as well as all uniquely matched reads and the
corresponding set of RefSeq genes (Table 1). To detect any technique-inherent GC bias among the reads we calculated the average GC
content of the reference sequences for each group. No bias was
detectedwhen the GC content of all readswith unique RefSeqmatches
was compared to the RefSeq genes (50.4% vs 49.6%). However, the
average GC content of Illumina reads decreased clearly with the
average number of tags per RefSeq gene: while the average GC content
of readsmatching RefSeq genes with N1000 tags was even higher than
in the corresponding RefSeq gene set (52.3% vs 50.4%), Illumina reads
matching RefSeq with b10 tags per gene showed a much lower GC
content than RefSeq (43.2% vs 50.3%). The same trend can be observed
for the F1ENU and the B6 mouse brain samples (Supplementary Table
S5), thus conﬁrming that these biases depend neither on sample nor
on tissue.
Expression of pluripotency marker genes
Several transcription factors play important roles in the main-
tenance of pluripotency in mouse embryonic stem cells. We analyzed
the transcription levels of some of these marker genes to validate the
undifferentiated state of the F1 ES cells. Results shown in Table 2
reﬂect the capability for self-renewal and the undifferentiated state of
the F1 embryonic stem cells analyzed in this study. For the stem-cell-
speciﬁc marker transcripts Pou5f1 (Oct4), Nanog, and Sox2, known to
be upregulated in pluripotent cells [25], we identiﬁed 68.6–1252.6
tags/kb. On the other hand, 1.7–6.9 tags/kb were discovered for Sox1,
Sox17, and Brachyury (T), which represent early markers for differ-
entiation into ectoderm, endoderm, and mesoderm, respectively.
Thus, the F1 cells cultured by us reﬂect a population of uncommitted
embryonic stem cells.
Functional classiﬁcation of the ES cell transcriptome by Illumina
sequencing
Given the large number of RefSeq transcripts represented by at
least one read (14,434 of 20,804; Supplementary Table S3) we wanted
to take a deeper look into the transcriptome of the ES cell. The 1000
RefSeq genes that are most highly transcribed (range 62,789–119
reads/kb) contain almost 59% of all unique reads with RefSeq match
(Supplementary Fig. S4). Of these RefSeq genes 956 were used for
Gene Ontology (GO) analysis with FatiGO [26]. Thirty-ﬁve RefSeq
genes were classiﬁed as “unknown” and 7 represented a gene with
more than one Ensembl ID. FatiGO could assign GO annotation to 735
genes from 1267 available biological process terms. To get a detailed
overview of the GO results, we concentrated on biological process
(Level 6) and restricted the output to GO terms that matched at least
2% of all analyzed RefSeq sequences. There were 34 GO terms meeting
these criteria (Supplementary Material S5). The term “translation”
could be assigned to the largest group of all RefSeq IDs (21%). Most of
the other terms could also be arranged into groups involved in cell
growth, cell division, or metabolic processes, in agreement with the
rapid growth and the high metabolic activity of cultured ES cells. The
importance of translation for ES cells is supported by a classiﬁcation of
the 100 most abundant RefSeq transcripts into three clusters,
ribosomal RNA, ribosomal protein, and nonribosomal protein
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parts of the ribosome. Among the 25 genes that were classiﬁed as
nonribosomal (Supplementary Material S7), some of them, e.g.,
Eef1a1, are known to be part of the translation machinery, too.
Astonishingly, despite missing a poly(A) tail, the three ribosomal RNAs
are not only present among the 100 most abundant transcripts, but
also head the table of RefSeq genes with the highest absolute number
of reads (Supplementary Table S4).
Distribution of Illumina reads at gene loci
To obtain a better visual impression of our sequence dataset we
used the “add custom track” option of the UCSC Genome Browser. We
performed an ELAND run of all F1WT Illumina reads against the
mouse genome to obtain the genomic coordinates of matching reads.
ELAND reports only coordinates for U matches. We therefore used
MegaBLAST to match all F1WT reads reported as R by ELAND, thus
receiving the positions of R reads. Fig. 5 provides a view of the locus
encompassing the transcription factor Pou5f1 (Oct4). U matches are
exclusively located within Pou5f1 annotated exons. However, the R
fraction of reads provides considerable information concerning
transcript organization, most notably within the 3′ UTR region.
Approximately 30 R reads localized to intron 1 of Pou5f1 within
regions identiﬁed as repetitive by the RepeatMasker program. We
conclude that for a reconstruction of transcript sequences using
Illumina data, R matches will need to be taken into account, as long as
regions containing known repeats are excluded. Due to the shortness
of Illumina reads, homology to pseudogenes or to genes that possess
related domain architecture will reduce the set of reads genuinely
derived from a particular locus, if U reads alone are used.
Comparison of Illumina sequencing and Illumina microarray gene
expression
One of the goals of this study was the assessment of Illumina
sequencing for its feasibility in expression analysis. The comparison of
a transcriptome proﬁle obtained from Illumina sequencing to an
array-based expression analysis using the same ES cell material is
therefore important. Wild-type F1 ES cell RNA was ampliﬁed, labeled,
and hybridized onto an Illumina MouseRef-8 v1.1 BeadChip. Based on
a detection value of ≥0.99, 7475 of 19,121 transcripts on the array were
regarded as being expressed in wild-type F1 cells (Supplementary
Table S4). Of these 7475 expressed genes, 6605 were contained within
the set of RefSeq genes fromNCBI build 37 used for ELAND alignments.
The comparison between the BeadChip and the Illumina sequencingFig. 5. UCSC Genome Browser view of Illumina readsmatching the genomic region encompas
27-mer reads of sequenced F1 ES cell cDNAwere aligned to the mouse genome assembly usin
matches. (c) Exonic structure of Pou5f1 and spliced ESTs (UCSC annotation). (d) Repetitive eexperiments showed that 6262 transcripts that were considered as
expressed in F1 cells by array analysis were associated with at least
one F1WT Illumina sequence tag. Thus, we could observe an
agreement of 95% (6262/6605) between both techniques concerning
the expression of a gene.
A scatter plot of Illumina average microarray signal intensities
versus Solexa technology relative expression values was generated, to
compare the results for the set of common RefSeq genes quantitatively
(Fig. 6).We calculated a Pearson correlation value of 0.70 for the results
generated with these technologies. In contrast, completely indepen-
dent samples using the same technologies and the same reference
sequences, i.e., B6 Solexa technology relative expression values versus
Illumina average microarray signal intensities for F1 ES cell RNA,
resulted in a correlation value of 0.43 (Supplementary Fig. S6).
Discussion
In this study we characterized a transcriptome dataset from wild-
typemouse F1 ES cells generated by Illumina sequencing and evaluated
the applicability of this sequencing technique to gene expression
analysis. Toward this end, we mapped Illumina 27-mer reads against
reference databases and generated relative expression values for
RefSeq transcripts. The accuracy and usefulness of these expression
values were reviewed by a comparison to microarray data and by GO
analysis. To support conclusions on potential biases of the Solexa
technology, we included two additional samples, F1ENU and B6 brain.
A single Solexa lane resulted in 82.4 Mb raw data for F1WT,
whereof 36.0 Mb (1,333,960 reads) could be aligned uniquely with
RefSeq genes. Comparable 454 transcriptome datasets [27–30]
consisted of ∼250,000 reads with lengths of about 100 bp. Longer
reads have an increased chance of matching uniquely within a
sequence database, leading to a larger fraction of reads that can be
used for gene expression analyses. On the other hand, the larger
number of unique 27-mer reads generated by Illumina sequencing
allows statistically more precise comparisons [31]. Indeed we
obtained a broad dynamic range of expression levels (62,788.57 to
0.06 tags/kb). In 454 sequencing of Arabidopsis cDNA, massive
redundancy was observed for a small number of genes, i.e., 26% of
the reads were derived from only 25 genes [27]. The mouse ES cell
dataset reveals a similar trend, as 25% of all unique matches are
derived from only 68 RefSeq genes (Supplementary Fig. S4). This
might indicate a high expression value error probability, since the
bulk of expressed RefSeq genes may be represented by only a few
uniquely matching reads. On the other hand, the expression of such
weakly transcribed genes might not be detected at all using othersing the transcription factor Pou5f1 (Oct4) at chromosome 17:35,114,125–35,118,817. The
g ELAND or MegaBLAST. (a) Positions of Umatches at the Pou5f1 locus. (b) Positions of R
lements at the Pou5f1 locus.
Fig. 6. Scatter plot comparing gene expression measurements with Illumina bead arrays to Illumina sequencing (Pearson correlation coefﬁcient of 0.7). The expression analysis was
performed with the same RNA material isolated from F1 mouse ES cells. Dots represent those 6262 RefSeq transcripts whose expression was conﬁrmed by both technologies.
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sion of Weber et al. [27] that normalized cDNA should be used for the
purposes of gene discovery and de novo transcript sequence assembly.
The concept of SAGE is very similar to expression analysis by
Illumina sequencing. However, the Illumina sequencing technology
has several advantages. First, the protocol for the preparation of
Illumina sequencing libraries is less complicated (no cloning step);
second, the random short reads generated by Illumina sequencing
provide information about the internal structure of transcripts; and
third, SAGE may miss transcripts because of a lack of appropriate
restriction enzyme sites required in the library preparation step or
because SAGE tags match several genes.
We had performed two poly(A)+ selections on the RNA prior to
cDNA synthesis. Oligo(dT)-primed rather than random-primed cDNA
was used for sequencing to limit contamination with genomic DNA
and to reduce the amount of ribosomal RNA in the sample. While we
observed only very little DNA contamination, ribosomal RNA was
astonishingly abundant: mouse 4.5S, 18S, and 28S RNA exhibited the
highest number of reads per transcript in the dataset. Polyadenylation
of ribosomal RNA prior to degradation could explain the observed
abundance [32].
Oligo(dT)-primed cDNA synthesis might lead to an overrepresen-
tation of 3′ ends of transcripts due to incomplete reverse transcription,
especially for longer transcripts. We observed a small overall 3′ bias
for the reads and a slight increase in the 3′ bias with increasing
sequence length. However, we might have underestimated the true 3′
bias, considering only U reads, since R reads cannot be mapped to
discrete positions on the reference sequence. Thus, we might loose
reads matching 3′ UTR sequences that contain repeats.
We detected a bias concerning the average GC content of reads: the
higher RefSeq genes were expressed, the higher the average GC
content of reads matching these genes was. The reason for this bias is
currently unknown.
We compared the gene expression values obtained with Illumina
sequencing and Illumina microarray analysis, using the same ES cell
RNA as starting material. The Pearson correlation coefﬁcient was 0.7
for commonly expressed transcripts. Similar studies, for instance SAGE
versus Affymetrix [33] and 454 Arabidopsis transcriptome sequencingversus an ATH1 microarray [27], resulted in weaker correlation
coefﬁcients of 0.45. This correlation of 0.7 is even comparable to
some of those correlations Kuo et al. [34] determined during their
microarray intraplatform comparisons using technical replicates.
The results presented here highlight the applicability of Illumina
short read sequencing to gene expression analyses and indicate some
clear advantages to microarrays. There is no need to concentrate on a
collection of target sequences and there is no signal saturation or
background noise, but a broad range of a linear signal response. In
comparison to other technologies like MPSS and SAGE, sequencing by
synthesis circumvents the use of special restriction sites and is
independent of cloning steps. Considering all these advantages, we
strongly believe that Illumina sequencing will considerably improve
our knowledge of gene expression within a cell type and will play a
major role in many gene expression studies.
Materials and methods
ES cell culture and mouse tissue
Mouse F1 (C57BL/6×129/Sv) ES cells (T. Hiiragi, unpublished) were
cultured on CD1 primary embryonic ﬁbroblasts in DMEM (Pan-
Biotech, Nürnberg, Germany) supplemented with 15% (v/v) fetal
bovine serum (Sigma-Aldrich, Taufkirchen, Germany), 0.1 mM β-
mercaptoethanol (Pan-Biotech), and leukemia inhibitory factor (gift
from Francis Stewart) at 1000 U/ml. Subconﬂuent cells were
harvested, shock frozen in liquid nitrogen, and stored at −80 °C. The
F1ENU samplewas derived from clone RRx006, which originated from
a treatment of F1 ES cells with 2 mM N-ethyl-N-nitrosourea for
90 min in suspension. RRx006 was obtained from plating single cells.
Mouse brain was dissected from 12-week-old C57BL/6J males (Harlan
Winkelmann, Borchen, Germany), washed twice in PBS, and stored at
−80 °C after being frozen in liquid nitrogen.
RNA isolation and synthesis of double-stranded (ds) cDNA
For isolation of total RNA we used the TRIzol reagent (Invitrogen,
Karlsruhe, Germany) according to the manufacturer's instructions.
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St. Leon-Rot, Germany) for 30 min at 37°C (250 μl reaction volume),
followed by heat inactivation (15 min, 65°C). Puriﬁcation of poly(A)+
RNAwas performed with the OligoTex mRNAmini kit (Qiagen, Hilden,
Germany) using 250 μg total RNA, quality checked on an agarose gel.
mRNA bound to OligoTex columns was eluted twice with 100 μl of hot
OEB buffer (70°C; Qiagen) and precipitated by adding 0.1 volume 3 M
sodium acetate (pH 5.6) and 2.5 volumes 100% ethanol at 4°C. After
spinning (30 min, 14,000 rpm) the pellet was rinsed with 70% ethanol
and dissolved in 9 μl of diethylpyrocarbonate-treated water. Ds cDNA
was synthesized with the SuperScript Double Stranded cDNA
synthesis kit (Invitrogen) using 2 μg puriﬁed mRNA, 400 units
Superscript II, and 5 μM oligo(dT)18 primer (Metabion, Planegg-
Martinsried, Germany) for reverse transcription. After incubation at
45°C for 1 h the ﬁrst-strand cDNA reaction mixture was cooled on ice
for 5 min. Second-strand synthesis (150 μl reaction), using an entire
ﬁrst-strand reaction, contained 0.2 mM dNTP, 10 units Escherichia coli
DNA ligase, 40 units E. coliDNA polymerase, and 2 units RNase H. After
incubation for 2 h at 16°C 10 units of T4 DNA polymerase was added
and incubation continued at 16°C for 5 min. The reaction was stopped
by placing the tube on ice and by adding 10 μl of 0.5 M EDTA. Ds cDNA
was puriﬁed by phenol-chloroform-isoamyl alcohol extraction and
precipitatedwith 70 μl of 7.5 M ammonium acetate and 0.5ml ice-cold
absolute ethanol. The ds cDNA was dissolved in 15 μl 1×TE after
centrifugation. We used a ND-1000 UV/Vis spectrophotometer
(NanoDrop Technologies, Wilmington, DE, USA) to measure the
cDNA concentration. The fragment size distribution was controlled
on a 1.5 % (w/v) agarose gel.
Illumina microarray hybridization
RNA isolation and DNase I digestionwere done as described above.
Biotin-16-UTP-labeled cRNA was synthesized from 400 ng total RNA
with the TotalPrep RNA ampliﬁcation kit (Ambion, Foster City, CA,
USA). The hybridization mix containing 700 ng of labeled ampliﬁed
cRNA was prepared according to the Illumina BeadStation 500X
System Manual (Illumina, San Diego, CA, USA) using the supplied
reagents. Hybridization to the IlluminaMouseRef-8 v1.1 BeadChipwas
for 16 h at 55°C on a BeadChip Hyb Wheel. The slide was afterward
washed for 15 min on an orbital shaker at room temperature in a
staining dish with 250 ml of E1BC wash solution, then incubated
shaking in 100% ethanol for 10 min at room temperature, and washed
again in E1BC for 2 min. For the blocking reaction the slide was placed
in a BeadChipWash Tray containing 4ml of Block E1 buffer on a rocker
mixer for 10 min. Staining was performed for 10 min in a tray with
2 ml of buffer E1 and 1 μg/ml Cy3-streptavidin (Amersham
Biosciences, Piscataway, NJ, USA), followed by incubation in E1BC for
5min. The slidewas dried by centrifugation (275 rpm, 5 min) and kept
in the dark until ready to scan. Scanning used the Illumina BeadArray
Reader software together with the Illumina BeadStation 500 platform.
Processing and analysis of the microarray data were performed with
the Illumina BeadStudio 1.5.1.3 software. The data were subtracted for
background and normalized using the rank invariant option. A RefSeq
gene was accepted as expressed if the detection value [35] was ≥0.99.
If a RefSeq gene was represented by several probes on the array, we
used the arithmetic average of the signal intensities for comparison
with the sequencing results.
GO analysis
GeneOntologyanalysiswasperformedwith the FatiGOWeb tool [26].
Illumina library preparation and sequencing
To prepare libraries for Illumina sequencing 0.5 μg of ds cDNAwas
sheared for 1 h with a UTR200 sonication device (HielscherUltrasonics GmbH, Teltow, Germany) at 100% amplitude and 0.5
cycle mode to a mean size of 300–400 bp. Further sample processing
was done according to Illumina's protocol. After adaptor ligation, 120–
170 bp fragments were excised from a 2% agarose gel. Fragments were
enriched by PCR using Phusion polymerase included in the Illumina
kit and loaded onto ﬂow cell channels at 2 pM concentration. We ran
27 cycles on the Illumina 1G sequencing platform. We performed
image deconvolution and quality value calculations using the Goat
module (Firecrest v1.8.28 and Bustard v1.8.28 programs) of the
Illumina pipeline v02.2.5.
Analysis of Illumina sequencing results
Sequence alignments were generated with ELAND (Illumina) or
MegaBLAST [36]. The collection of mouse RefSeq mRNA sequences
[21] used in this study is part of NCBI build 37 (http://www.ncbi.nlm.
nih.gov/) retrieved from the UCSC Genome Browser (http://genome.
ucsc.edu/) on September 21, 2007. The mouse EST collection (dbEST)
was also NCBI build 37 and taken from UCSC on November 27, 2007.
The mouse genome assembly used was NCBI build 36 obtained from
UCSC on May 20, 2007, also containing the mitochondrial chromo-
some. The Celera mouse genome assembly was downloaded from
NCBI on November 13, 2007. Coding sequences corresponding to the
RefSeq sequences were extracted from Ensembl (release 46) with
BioMart (Ensembl genome browser: http://www.ensembl.org). We
obtained 18,899 CDS from 20,805 RefSeq IDs as input. To integrate
putative exon splice events in our analyses we generated the db42
database containing junctions of ﬂanking exons with one, two, or
three central exons being skipped (skip 1, skip 2, skip 3). The
junctions were designed so that the 3′ end of the 5′ exon was
connected with the 5′ end of the 3′ exon, resulting in 42-bp sequence
tags (21 bp of each exon). Reads unaccounted for by ELAND in runs
against RefSeq, db42, and the mouse genome were analyzed by
MegaBLAST against a database of mouse mRNAs (word size 13). A
nonstringent run (no E value threshold set) reported all matches
with a minimal noninterrupted match length of 13 bases. Another
run (E value threshold of 1) reported all matches with a minimal
length of 15 bases. Sequences other than mouse were identiﬁed in
the nr database using MegaBLAST (NCBI nr nucleotide collection from
October 2, 2007). Graphical representations of alignments of the
mouse genome and sequencing tags were performed with the UCSC
Genome Browser [37].
ELAND result ﬁles from matching Illumina 27-mer sequence data
against reference sequences were parsed with a custom-written Perl
script called eland_survey.pl. A summary of the analysis provided
details of the number of reads for eachmatch category: NM (no match
found), QC (QC failure), U (unique match), and R (multiple matches).
Because ELAND does not operate with multiple FASTA ﬁles as
reference genome, a script (transcriptome4eland.pl) was written
that allowed us to work with thousands of RefSeq entries or ESTs.
This script generates a single FASTA ﬁle containing all RefSeq or EST
sequences separated by a block of four N's and a second ﬁle that
records the sequence identiﬁer together with the start and stop
positions of the sequences in the concatenated FASTA sequence ﬁle. To
count the unique Illumina reads per RefSeq or EST entity, a further
script (eland_transcriptome_analysis.pl) was written that uses the
ELAND output data and the ﬁle including the position information for
the analysis. Another Perl script (elandID2refseqID.pl) used the same
input ﬁles to generate a list of Eland identiﬁer, corresponding RefSeq
identiﬁer, and the sequence of the read. We also used a Perl script to
check whether a 3′ bias exists for the read distribution. The algorithm
determined the starting position of the unique read within the
matching reference sequence (RefSeq or CDS) and divided this
number by the length of the transcript (3′ bias value). A read
matching the reference sequence at the 3′ end receives a value of 1,
while a read positioned at the 5′ endwill get a value of 0. Subsequently
194 R. Rosenkranz et al. / Genomics 92 (2008) 187–194the arithmetic average of all 3′ bias values was calculated for all
reference sequences but also for groups of sequences depending on
the sequence length (3bias_diff.pl). The average GC contents of
Illumina reads were calculated by a script called gc_content_elan-
d2refseq.pl. Another Perl script parsed the MegaBLAST output
(option -D 2, classic BLASToutput) of the run against the nr nucleotide
collection and counted the number of tags for each organism.
Gene deserts
The genomic coordinates of the gene deserts [24] analyzed in this
study are based on NCBI build 36. The gene desert on chromosome 3
was chr3:147,066,133–148,752,972 ﬂanked by mRNAs AK045762 and
Lphn2. The region on chromosome 19 was chr19:35,121,244–
36,025,416 ﬂanked by Mphosph1 and Htr7.
Gene expression comparison
For the purpose of comparing gene expression measured with
Illumina microarray technology and Illumina sequencing we con-
sidered only those 6604 RefSeqs that showed expression on the array
and were found in the RefSeq collection mentioned above. Scatter
plots were generated with Microsoft Excel.
Data availability
Illumina 27-mer expression data and Perl scripts for data handling
and analysis are available for download at http://www.molgen.mpg.
de/~compgen.
Acknowledgments
We are grateful to Takashi Hiiragi for providing F1 mouse ES cells
and to Ulrike Dohrmann and Alon Magen for help and discussions at
an early stage of the project. We thank Claudio Lottaz, Bernd
Timmermann, Juliane Dohm, and Aleksey Soldatov for comments on
the manuscript.
Appendix A. Supplementary data
Supplementary data associated with this article can be found, in
the online version, at doi:10.1016/j.ygeno.2008.05.011.
References
[1] T.M. Gress, J.D. Hoheisel, G.G. Lennon, G. Zehetner, H. Lehrach, Hybridization
ﬁngerprinting of high-density cDNA-library arrays with cDNA pools derived from
whole tissues, Mamm. Genome 3 (1992) 609–619.
[2] G. Lennon, C. Auffray, M. Polymeropoulos, M.B. Soares, The I.M.A.G.E. Consortium:
an integrated molecular analysis of genomes and their expression, Genomics 33
(1996) 151–152.
[3] T.S. Tanaka, et al., Genome-wide expression proﬁling of mid-gestation placenta
and embryo using a 15,000 mouse developmental cDNA microarray, Proc. Natl.
Acad. Sci. U.S.A. 97 (2000) 9127–9132.
[4] T.S. Tanaka, et al., Gene expression proﬁling of embryo-derived stem cells reveals
candidate genes associated with pluripotency and lineage speciﬁcity, Genome Res.
12 (2002) 1921–1928.[5] M. Hemberger, et al., UniGene cDNA array-based monitoring of transcriptome
changes during mouse placental development, Proc. Natl. Acad. Sci. U.S.A. 98
(2001) 13126–13131.
[6] S.P. Fodor, et al., Multiplexed biochemical assays with biological chips, Nature 364
(1993) 555–556.
[7] E.F. Nuwaysir, et al., Gene expression analysis using oligonucleotide arrays
produced by maskless photolithography, Genome Res. 12 (2002) 1749–1755.
[8] M. Baum, et al., Validation of a novel, fully integrated and ﬂexible microarray
benchtop facility for gene expression proﬁling, Nucleic Acids Res. 31 (2003) e151.
[9] P.K. Wolber, P.J. Collins, A.B. Lucas, A. De Witte, K.W. Shannon, The Agilent in situ-
synthesized microarray platform, Methods Enzymol. 410 (2006) 28–57.
[10] K.L. Gunderson, et al., Decoding randomly ordered DNA arrays, Genome Res. 14
(2004) 870–877.
[11] MAQC Consortium. et al., The MicroArray Quality Control (MAQC) project shows
inter-and intraplatform reproducibility of gene expression measurements, Nat.
Biotechnol. 24 (2006) 1151–1161.
[12] V.E. Velculescu, L. Zhang, B. Vogelstein, K.W. Kinzler, Serial analysis of gene
expression, Science 270 (1995) 484–487.
[13] S. Brenner, et al., Gene expression analysis by massively parallel signature
sequencing (MPSS) on microbead arrays, Nat. Biotechnol. 18 (2000) 630–634.
[14] E.H. Margulies, S.L. Kardia, J.W. Innis, Identiﬁcation and prevention of a GC content
bias in SAGE libraries, Nucleic Acids Res. 29 (2001) E60.
[15] A.S. Siddiqui, et al., Sequence biases in large scale gene expression proﬁling data,
Nucleic Acids Res. 34 (2006) e83.
[16] J.B. Kim, et al., Polony multiplex analysis of gene expression (PMAGE) in mouse
hypertrophic cardiomyopathy, Science 316 (2007) 1481–1484.
[17] J. Shendure, et al., Accurate multiplex polony sequencing of an evolved bacterial
genome, Science 309 (2005) 1728–1732.
[18] M. Margulies, et al., Genome sequencing in microfabricated high-density picolitre
reactors, Nature 437 (2005) 376–380.
[19] D.R. Bentley, Whole-genome re-sequencing, Curr. Opin. Genet. Dev. 16 (2006)
545–552.
[20] M. Ashburner, et al., Gene Ontology: tool for the uniﬁcation of biology. The Gene
Ontology Consortium, Nat. Genet. 25 (2000) 25–29.
[21] K.D. Pruitt, T. Tatusova, D.R. Maglott, NCBI reference sequences (RefSeq): a curated
non-redundant sequence database of genomes, transcripts and proteins, Nucleic
Acids Res. 35 (2007) D61–65.
[22] E.S. Lander, et al., Initial sequencing and analysis of the human genome, Nature
409 (2001) 860–921.
[23] B. Modrek, C. Lee, A genomic view of alternative splicing, Nat. Genet. 30 (2002)
13–19.
[24] M.A. Nóbrega, Y. Zhu, I. Plajzer-Frick, V. Afzal, E.M. Rubin, Megabase deletions of
gene deserts result in viable mice, Nature 431 (2004) 988–993.
[25] J. Wang, et al., A protein interaction network for pluripotency of embryonic stem
cells, Nature 444 (2006) 364–368.
[26] F. Al-Shahrour, et al., FatiGO+: a functional proﬁling tool for genomic data.
Integration of functional annotation, regulatory motifs and interaction data with
microarray experiments, Nucleic Acids Res. 35 (2007) W91–96.
[27] A.P.M. Weber, K.L. Weber, K. Carr, C. Wilkerson, J.B., Sampling the Arabidopsis
transcriptome with massively parallel pyrosequencing, Plant Physiol. 144 (2007)
32–42.
[28] F. Cheung, et al., Sequencing Medicago truncatula expressed sequenced tags using
454 Life Sciences technology, BMC Genomics 7 (2006) 272.
[29] S.J. Emrich, W.B. Barbazuk, L. Li, P.S. Schnable, Gene discovery and annotation
using LCM-454 transcriptome sequencing, Genome Res. 17 (2007) 69–73.
[30] W.B. Barbazuk, S.J. Emrich, H.D. Chen, L. Li, P.S. Schnable, SNP discovery via 454
transcriptome sequencing, Plant J. 51 (2007) 910–918.
[31] S. Audic, J.M. Claverie, The signiﬁcance of digital gene expression proﬁles, Genome
Res. 7 (1997) 986–995.
[32] S. Slomovic, D. Laufer, D. Geiger, G. Schuster, Polyadenylation of ribosomal RNA in
human cells, Nucleic Acids Res. 34 (2006) 2966–2975.
[33] F. van Ruissen, et al., Evaluation of the similarity of gene expression data estimated
with SAGE and Affymetrix GeneChips, BMC Genomics 6 (2005) 91.
[34] W.P. Kuo, et al., A sequence-oriented comparison of gene expression measurements
across different hybridization-based technologies, Nat. Biotechnol. 24 (2006) 832–840.
[35] K. Kuhn, et al., A novel, high-performance random array platform for quantitative
gene expression proﬁling, Genome Res. 14 (2004) 2347–2356.
[36] Z. Zhang, S. Schwartz, L. Wagner, W. Miller, A greedy algorithm for aligning DNA
sequences, J. Comput. Biol. 7 (2000) 203–214.
[37] D. Karolchik, et al., The UCSC Genome Browser Database, Nucleic Acids Res. 31
(2003) 51–54.
